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Abstract: The position of the source-detector (S-D) relative to an anomaly has an important 
influence on the detection effect in non-invasive near-infrared spectroscopy-based methods. 
In this study, a single-source multi-detector structure was designed in order to realize the 
rapid localization of anomalies within tissue. This method uses finite element analysis of the 
optical density distribution for different horizontal positions, depths and diameters of 
anomalies. The difference in optical density between the detectors was then calculated. The 
simulation results show that the horizontal position of the anomaly in the tissue can be 
quickly located according to the differential optical density difference curves formed by the 
multiple detectors. The Gaussian fitting feature of these curves shows strong correlation with 
the horizontal positions, depths and diameters of the anomaly. Through the differential optical 
density difference curves, rapid localization within the region of interest can be achieved. 
This method provides an important reference for sources and detectors location for tumor 
detection, brain function optical imaging and other fields using near infrared spectroscopy, 
and improves its detection accuracy. 
© 2018 Optical Society of America under the terms of the OSA Open Access Publishing Agreement 
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1. Introduction 

Tissue component detection methods based on near-infrared spectroscopy (NIRS) have drawn 
wide attention in recent years due to their rapidity and non-invasiveness. These methods have 
been applied in many fields such as tumor detection [1], brain imaging [2,3] and brain 
hematoma detection [4–7], and are gradually being applied to clinical detection. Based on 
multiple-source and multiple-detector patterns, using the tissue optical parameter 
reconstruction (Diffuse Optical Tomography, DOT) the three-dimensional distribution of the 
optical parameters of the tissue can be obtained in order to achieve the identification of 
tumors [8], hemoglobin distribution and other imaging tasks. However, these methods are 
computationally intensive and achieve only slow imaging speed, rendering them unsuitable 
for the rapid detection of anomalies. Britton Chance [9] proposed the differential Optical 
Density (OD) method, which is based on the difference between the optical density of 
normal tissue and abnormal tissue. It has been fully used in brain tumors [10], tissue 
hemoglobin detection [11,12] and rapid cerebral hematoma detection [13,14] with good 
results. For example, the Infrascanner has been great clinical application in the hematoma 
detection. It's a simple, portable, accurate, and cost effective hematoma detection device for 
using in a variety of settings, including hospital emergency rooms and intensive care units. 
The exact placement of the source-detectors’ is the key to detecting whether an anomaly 
exists in the target effectively [15]. The relationship between source-detectors distribution and 
detection results has always been a research hotspot in this field. An accurate source-detector 
distribution can improve tissue detection accuracy of NIRS effectively [16–18]. 

In this study, we used a Single-Source Multi-Detector structure (SS-MD) and utilized 
Nirfast’s Optical Finite Element tool to construct an anomaly model with different horizontal 
positions, different depths and different diameters in uniform tissue [19]. We calculated the 
differential optical density on multiple detectors and plotted the differential optical density 
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difference (ΔOD') curve between adjacent detectors. Gaussian curve fitting [20] was used to 
fit the differential optical density difference curve, and to obtain its characteristic parameters. 
The experimental results show that using the differential optical density difference curve, the 
characteristic parameters can be used to locate anomalies in uniform tissue quickly. This 
method provides an additional reference for the best placement of Source-Detectors positions 
to detect anomalies in tissues, and the accurate positions presented will improve the near-
infrared spectroscopy detection effect. 

2. The differential optical density difference

Fig. 1. Differential optical density difference curve acquisition schematic. 

Figure 1 shows the differential optical density difference curve acquisition schematic. S and 
S' are incident sources, D1, D2,…, Dn and D1’, D2’,…, Dn’ are equally spaced photoelectric 
detectors, respectively. First, we used a fixed SS-MD distribution to detect the normal tissue 
area. Then we used n detectors to obtain intensity measurements recorded as I1, I2,…, In. 
Second, we used the same SS-MD distribution to detect the abnormal tissue area with the 
same optical properties background. Then we used n detectors to obtain intensity 
measurements recorded as I1’, I2’,…, In’. We then obtained each position’s optical density 
OD1, OD2,…, ODn and OD1’, OD2’,…, ODn’ according to the Eq. (1) and (2). 
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By dividing the optical density at symmetrical positions, we calculate the differential 
optical density. 
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Then, we subtract the differential optical density obtained by adjacent position detectors, 
to find the difference of the differential optical densities at each point. 

i+l iOD OD OD ,(i 1, 2..., n - l)Δ = Δ − Δ =' (4)

The multi-detector obtained ΔOD' values in turn are connected to obtain the differential 
optical density difference curve. This curve reflects the change rate of the optical density 
difference values at different S-D positions and its characteristics reflect the anomaly 
distribution within normal tissue. 

3. Model foundation and results

In order to study the relationship between the variation trend of the differential optical density 
difference curve and the anomaly distribution in uniform tissue, this study used a two-
dimensional uniform tissue model of 15cm*15cm based on the Nirfast optical finite element 
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tool, in which μa = 0.01mm−1, and μs’ = 1 mm−1 [21]. The model featured three kinds of 
Single-Source Multi-Detectors (SS-MD) distribution and was used to compare the effects of 
different SS-MD positions on anomaly localization. As shown in Fig. 2, for SS-MD 
distribution A, the source was placed at the origin, while the 10 detectors were placed 
equidistantly from the origin from 2cm to 10cm. SS-MD distribution B was based on 
distribution A, moving horizontally 2 cm to the right. Distribution C was also based on the 
distribution A, this time moving horizontally 4 cm to the right. 

Fig. 2. Source (o) and detectors’ (x) location. The coordinate system established at model 
vertices was used to represent the position of the source and the detectors. 

3.1 Relationship between the anomaly’s horizontal position and ΔOD' simulation and 
results 

While maintaining the same depth, the anomaly’s horizontal position was changed. A single 
anomaly was used for this experiment. The specific experimental parameters were the depth 
l = 10 mm, the diameter d = 30 mm, the absorption coefficient μa = 0.5 mm−1, and the 
scattering coefficient μs’ = 1 mm−1. Then, we set the abscissa value of the anomaly to 4.0 cm, 
4.5 cm, 5.0 cm, 5.5 cm, 6.0 cm, 6.5 cm, 7.0 cm, 7.5 cm, and 8.0 cm, while keeping the other 
parameters unchanged. The ΔOD' values measured by each detector were calculated. We 
selected the horizontal position of 5.0 cm, 6.0 cm, 7.0 cm as an example. Figure 3(a), (b), (c) 
show the relationship between the SS-MD distribution’s source and detectors’ distance and 
ΔOD' values. 
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Figure 3 shows that at the different detectors’ positions different ΔOD' values were 
measured, with an obvious trend. This indicates that there is a specific relationship between 
the sensitivity of the ΔOD' value in the target detection zone and the source and detectors’ 
distance. The highest ΔOD' point in the curve indicates that the differential optical density has 
its largest change rate at this location. The corresponding source and the detectors’ distance 
reflects the anomaly’s lateral position. 

Fig. 3. ΔOD' curve of anomaly at different horizontal positions. 

3.2 Relationship between the anomaly depth and ΔOD' simulation and results 

In this case, the anomaly’s depth was changed while maintaining the same horizontal 
position. The simulation parameters of the anomaly were d = 30mm, μa = 0.5 mm−1, μs’ = 1 
mm−1 in this experiment. The anomaly was placed 6cm from the origin in the horizontal 
direction. For optical brain imaging applications, the average adult scalp skull thickness is 
usually 1.0-1.8cm, so the anomaly’s depth ranged from 1.0 to 1.8 cm at 0.1cm intervals. We 
then calculated the ΔOD' values measured by each detector. We selected the depths of 1.0cm, 
1.2cm, 1.4cm, as examples. Figure 4(a), (b), (c) shows the relationship between the SS-MD 
distribution’s distance and ΔOD' values; in this case, the change trend is clear as well. 

This indicates that the ΔOD' value in the target detection zone was sensitive to the 
distance between the source and the detectors. Firstly, the distance of the anomaly to the 
origin in the horizontal direction was 6 cm. The maximum ΔOD' curve of the figure was also 
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close to 6cm, thus confirming experiment 3.1’s conclusion. Meanwhile, Fig. 4 shows that the 
ΔOD' values were different when the depths of the anomaly were different. As the anomaly 
depth increases, the corresponding ΔOD' values decrease. 

Fig. 4. The ΔOD' curve of anomaly at different depths. 

3.3 Relationship between the anomaly size and ΔOD' simulation and results 

For this experiment, the size of the anomaly was changed while maintaining the same 
horizontal position and depth. The simulation parameters of the anomaly were l = 30mm, 
μa = 0.5 mm−1, μs’ = 1 mm−1 in this experiment. The anomaly was placed 7.5cm from the 
origin in the horizontal direction. We changed the anomaly’s diameters to 1.0cm, 2.0cm, 
3.0cm, 4.0cm and calculated the ΔOD' values measured by each detector. Figure 5 shows the 
relationship between the SS-MD distribution’s distance and ΔOD' values. 

Figure 5(a) shows the intensity measured by different SS-MD distributions when the 
anomaly was in a fixed position, confirming experiment 3.1’s conclusions. The curves show 
the relationship between the different anomaly sizes and their corresponding ΔOD' values 
under the same SS-MD distribution in Fig. 5(b), (c) and (d). As can be seen from the figure, 
the ΔOD' value trend of each anomaly is highly similar, and as the anomaly diameters 
increases, their detected ΔOD' also increases. 
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Fig. 5. ΔOD' curves of anomaly at different sizes. (a) Result of ΔOD' at r = 0.5 cm at different 
SS-MD distribution positions. (b), (c), and (d) results of ΔOD' with different sizes in fixed SS-
MD positions. 

4. Analysis and discussion

The spectral curves obtained in the experiment are composed of discrete points. Let these 
discrete data points be (xi,yi). The goal of curve fitting is to find a function y = f (x) between 
the variables x and y. The Gaussian fitting spectral curve is based on the assumption that the 
original spectrum is formed by stacking a number of unimodal bands. The Gaussian function 
system is used as the basic function of the spectral curve, that is, y = f (x) is set as the 
Gaussian function system, where each Gaussian function is determined by three parameters: 
the peak height A, the peak position B. and the peak width C. The entire Gaussian function 
system can be written as: 

n
2i

i
i 1 i

x B
f(x) A exp[ ( ) ]

C=

−
= ⋅ − (5)

In the actual fitting process, we do not require y = f (x) to pass through all the spectral 
points (xi, yi), and we only require that the fitting error (δ = f (x) - yi) on the point xi is the 
smallest according to a certain criterion. This study uses the least squares method to find the 
best curve fit. The peak information such as peak height, peak width and peak position form a 
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new information matrix, which allows the extraction and simplification of the original 
spectral information, thus facilitating the result analysis. 

ΔOD' data containing the anomaly position and size information were obtained during the 
simulation experiments 3.1, 3.2, and 3.3. In order to observe the variation of these discrete 
points more clearly, Fig. 6 used the Gaussian fitting method to extract the curve characteristic 
peak. 

Fig. 6. Eigenvalue fitting results. (a) Curve fit of the characteristic peak about the anomaly’s 
ΔOD' with different sizes. (b) Curve fit of the characteristic peak about the anomaly’s ΔOD' at 
different depths. (c) Curve fit of the characteristic peak about the anomaly’s ΔOD' at different 
positions. 

As can be seen from Fig. 6(a), the characteristic peak of ΔOD' curve fit had a good 
correlation, 98.67% when measured with the anomaly at different horizontal positions. With 
the anomaly moving from left to right, the curve fitting peak was more accurate and closer to 
the true value when the anomaly was located in the middle of the SS-MD distribution. When 
the anomaly was located on either side of the SS-MD distribution, the curve peak changed 
within the allowable error range. As can be seen from Fig. 6(b), the characteristic peak of the 
ΔOD' fitting curves had a good correlation, 94.35% when measured with the anomaly at 
different depths. With the increase of the anomaly’s depth, the peak of the ΔOD' curve fit 
tends to increase, and the maximum ΔOD' value can still be used to accurately represent the 
anomaly’s presence. As can be seen from Fig. 6(c), the characteristic peak size of the ΔOD' 
fitted curves remains at 7.5 ± 0.2 cm, measured using anomalies of different sizes. The peak 
correlation was around 69% within the allowable error range. With the increase of anomaly 
diameters, the peak of the ΔOD' curve fit tended to increase. 
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The data correlation of the Gaussian curve fitting shows that the curve characteristic peaks 
can be used as a basis for determining whether the anomaly is present or not. This method can 
extract the main features of the data curves quickly and greatly simplify the original data. 

5. Conclusion

This study demonstrates a method for the rapid localization of anomalies in tissues. Different 
SS-MD distributions were used to detect tissue-derived anomalies in unknown locations, 
analyze the relation between source-detectors’ distance and ΔOD' values, and analyze ΔOD' 
trends in order to determine the anomaly’s position. The results show that ΔOD' represents 
the sensitivity of the system to anomalies. The higher the value of ΔOD', the higher the 
system’s sensitivity. Therefore, the proposed method can provide a reference for placing 
source-detector-based localization, such as tumor detection and brain function imaging. At 
the same time, the method can be used as an effective auxiliary means to quickly assess 
whether the sampled tissue contains anomalies, and also to further guide clinical screening 
tools. 
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